I. INTRODUCTION
Users' behavior on social networks is a reflection of their personality characteristics, innermost status or other psychological characteristics. As long as users' traces on social networks are large enough, scientists can use artificial intelligence technology to automatically calculate psychological characteristics through the information they display daily on social networks. As early as 2009, research [2] on Facebook by AL Young et al. supports this. In this paper, we try to study users' gender identity [1] from a mobile social network.
Gender identity is the subjective sense of one's own gender, which can correlate with assigned sex at birth, or can differ from it completely. All societies have a set of gender categories that can serve as the basis for the formation of a person's social identity in relation to other members of society. In most societies, there is a basic division between gender attributes assigned to males and females, a gender binary to which most people adhere and which enforces conformance to ideals of masculinity and femininity in all aspects of sex and gender: biological sex, gender identity, and gender expression. However in all societies, some individuals do not identify with some (or all) of the aspects of gender that are assigned to their biological sex.
However, a person's psychological gender is difficult to judge on the appearance, such as the dress wearing, the way speaking. And even if some user's attributes such as physical gender and age can be found in social networks, it is difficult to find out the psychological gender of users. One reason is that general social networks do not pay special attention to mark gender. The other reason is that the interaction of general social networks is largely independent of gender. But in this paper, we choose to use the special mobile social network-a gay social network-to study gender identity, which can effectively get around these limitations. The reason is that gay social networks are very different from general social networks. First of all, its purpose of making friends is clear and is related to psychological gender, and friends have very distinct characteristics. Secondly, the ego networks and ego networks' evolution of users' can show dating preference. And in the end, users in this mobile network need to indicate their sexual orientation. So we can indirectly mark psychological gender. All in all, it is related to psychological gender. Based on this information, we do some research on gender identity.
In this paper, we formulate the problem of gender identity as a classified problem, and build classifiers based on a set of features related to the specific characteristics of the gay social network's gender mark. We extract features from the following aspects:
1) The user's personal network structure. Gays' dating characteristics are intuitively responsive to their sexual orientation and indirectly indicate psychological gender. Here we use distribution of ego network-directed closed triads. 2) The user's triadic evolution distribution, in other words, the changes in user triads distribution of two different times. This can reflect the effect of triads on user's dating preference.
3) The personal characteristics. Although it is difficult to determine a person's psychological gender from these characteristics, such as height, weight, age, experiment proof that these features related to gender, which is helpful in gender identity. We find that personal characteristic especially weight and height, two features that have not been studied previously, are also useful in gender identity on gay social networks. Our experiments also show some interesting results with respect to the effectiveness of various features. These are specified in section IV. Then, we can use the trained model to predict psychological gender of users who mark psychological gender as −1 (don't know or don't want to show their psychological gender) account for nearly one-third of all users.
Experimental results show that the psychological gender of users can be inferred from social networks. However, as mentioned above, many users are reluctant to leak their psychological gender privacy. In other words, we found that psychological gender as a kind of privacy may be leaked from social networks. This may go against the wishes of many users. So it's another question how to ensure that users' privacy is not compromised when their psychological gender can be figured out in social networks. In section VI, we put forward some practical suggestions from the two aspects of users and social networks, which can provide users with better services without leaking their personal privacy.
In summary, this paper makes the following contributions:
1) It proposes a novel method to use ego network distribution and personal characteristics to identify users' psychological gender in a mobile social network, which proves that psychological gender can be revealed through social networks. 2) We conduct a comprehensive set of experiments to evaluate the proposed model. The model is also compared against a set of existing approaches. The results show that the proposed model is significantly better than the existing methods. 3) In view of some users are reluctant to leak their personal psychological gender, we put forward some practical suggestions from the two aspects of users and social networks, so that users can provide better services without leaking their personal privacy. The rest of the paper is organized as follows: in Section II we give an overview of related work. In Section III we describe how we collect and annotate data. In section IV we show how to analyze and extract features, and provide a description of personal characteristics. In Section V we present the experimental results. In Section VI we give some suggestions to protect privacy. Section VII concludes this paper.
II. RELATED WORK A. GENDER IDENTITY AND HOMOSEXUALITY
Gender identity is a hot research topic in the field of sociology. Mentioned in [3] that because gender refers to the cultural meanings ascribed to male and female social categories in societies, psychologists have focused on whether individuals define themselves in terms of these cultural meanings. They use the term gender identity to refer to these masculine and feminine self-definitions. Individuals differ in gender identity within each sex, and men and women differ on the average. Gender identity is only one of many possible social identities, with each identity representing one's psychological relationship to a particular social category in which one has membership.
And in [4] , they mentioned that during the intrauterine period a testosterone surge masculinizes the fetal brain, whereas the absence of such a surge results in a feminine brain. As sexual differentiation of the brain takes place at a much later stage in development than sexual differentiation VOLUME 7, 2019 of the genitals, these two processes can be influenced independently of each other. Sex differences in cognition, gender identity (an individual's perception of their own sexual identity), sexual orientation (heterosexuality, homosexuality or bisexuality), and the risks of developing neuropsychiatric disorders are programmed into our brain during early development. There is no evidence that one's postnatal social environment plays a crucial role in gender identity or sexual orientation.
In other disciplines, gender identity and sexual orientation always appear together. For example, [5] for psychology, [6] for pedagogic and [7] for medical science are all been studied together. This makes sense because that as mentioned in [4] , gender identity and sexual orientation are formed before physiological gender. So, in this paper, we tried to do the gender identity in gay social network.
B. METHOD
Although gender identity is a popular research topic in recent years, there are still few reported on social networks. So we research some few similar researches.
There are several works on user demographic and profile modeling about personal characteristics. Existing works to infer to user demographics based on their online browsing [8] and search [9] behaviors. Dong et al. [10] analyze demographics (gender, age, status, etc.) and consider the correlation among different demographic attributes in mobile network. Tang et al. [11] extract and model the researcher profiles in the large-scale collaboration networks. Mislove et al. [12] study user attribute inference in university social networks by applying community detection. The main difference between existing work and our efforts lies in that existing work also does not relate individual characteristics to psychological gender.
The researches of triads can date back to Simmel where he observed the fundamental properties of three actors rather than two within a network [13] . And triads of social networks over time have emerged as a popular problem in the study of social networks [14] , [15] . In our approach, we examine triads in a mobile social network in order to extract features and to make predictions about the psychological gender of users'.
Research about triadic evolution can be primarily divided into multiple categories [16] . In the first type, the arrival of new nodes and models of node engagement are used as the basis for analysis. Formally, this method is known as stream mining [17] . In the second category of research, referred to as mining static data, the primary focus is on obtaining the macroscopic statistical properties of the network. In our studies, we focus on closed triadic evolution over time.
Leskovec et al. [17] had a detailed study on changes in microscopic node behaviors. Their main focus was on node arrival and the edge initiation process as well as edge destination selection. They found that most edge formation is local and proceeds in the transitivity direction of triangle closure. They validated preferential attachment in the large scale networks and modeled node arrival and edge formation based on different statistical functions and triangle closure. Most functions are based on degree, common friends and the last time of activities. In another study by Golder and Yardi [18] a network's tendency toward mutuality and transitivity were observed examining several possible triads' configurations. What makes our approach different from that of previous research is that we don't care about how the triad evolves, but care about the friendliness preferences that the triad evolution shows. Here, we summarize the above methods to calculate the statistics of triadic evolution and triads and analyze their dating preferences. Then we predict the psychological gender of users based on their dating preferences.
III. DATA SET
The gay social network in our experiment is one of the most popular gay social networks in the world, with the vast majority of its user base in China. The network structure is similar to Twitter. Users can follow others and be followed by others. In this network, users are men and they must select a role (1, 0, 0.5, −1) when they sign up. It's an anonymous network with more than 10 million users. The reason for using this data set 1 is that it is a representative gay social network with a long history and a large number of users. And it is the only type of social network that marks psychological gender (the role in this social network), which we use to mark psychological gender indirectly.
follower: the users who follow the one we studied. followee: the users who were followed by the one we studied.
The specific meaning of each role is as follows:
• 0-role: a man who identifies himself a woman. We treat this as gender-0.
• 1-role: a man who identifies himself is also a man. We treat this as gender-1.
• 0.5-role: a man who identifies himself a blend of male and female. We treat this as gender-0.5. It should be noted that, in the gay social network, the blend of gender-1 and gender-0 only is gender-0.5. But in fact, there may be gender-0.3 or gender-0.7 and etc. Here we use gender-0.5 to denote the blend.
• −1-role: Other users do not want to leak or uncertain their role. We crawled the data in February 2016 and built a high quality data set by using the gender. We randomly collected 1000 users' personal information, followers and followees as well as the same data for their followers and followees throughout the network. We do the statistics on the 1000 nodes involved in the whole network data, involving 1.35 million vertices, 3.25 million edges. And after four months, we re-crawled all the data to get the triadic evolution distribution.
Each personal information review consists of 13 fields: <user ID> <height> <weight> <description> <age> <role> <weibo> <wechat> <qq> <follower> <followee> <posts> <posts reviews>
We sampled 1000 users as our experimental data, and their gender was shown in Table 1 . Then, for every gender except −1, we training the classifier. The training set and test set were determined by 10-fold cross validation.
IV. MODEL AND FEATURES

A. MODEL
As shown in 1, we first identify a set of features that can be extracted from the gay social network for the classification purpose. We divide these features into three categories: triads distribution, triadic evolution distribution and personal characteristics. In the next subsection, we will describe each feature in detail.
Then we connect these feature vectors into a vector. And after reducing the dimension of this feature vector, some classifiers such as SVM (Support Vector Machine) and KNN (K-Nearest Neighbor) are used to train. At the end of this section, we will describe this in detail.
B. FEATURES 1) TRIADS DISTRIBUTION a: EGO NETWORK
Ego network is an important and generally known social phenomenon in social network involving users' interests and the relationships [19] , [20] . Ego networks are composed of a central node (ego) and other nodes (alters) connected to the ego. As shown in Figure 2 , we can select an arbitrary alter connected to the ego and different ego nodes can be aggregated into different ego networks.
Among the multiple levels of micro-structure [21] in ego networks, directed closed triads (subsets of three network nodes, the links between them are directed and form a closed loop) are the principal topic of research on social networks. 
b: CATEGORY OF DIRECTED CLOSED TRIADS
As shown in Figure 3 , the node A is the ego, the nodes B and C are the alters. In the directed graph, there are 15 kinds of directed closed triads as shown in the Figure 3 . It should be noted that among types 1, 3, 7, 11, 12, 15, due to the two sides of ego are symmetrical, exchanging nodes B, C does not affect the triad type.
In our work, we observed that the directed closed triads reflected the user's dating preference in gay social networks. For example, a person is most likely to take the initiative to follow others, or is most likely to attract others following. In the gay social network, this is related to psychological gender. So we use the 15 kinds of triads' distribution to predict the users' psychological gender. 
c: STATISTIC ANALYSIS OF TRIADS
We get the number of every directed closed triadic type for each user by using the firstly crawled data, then add the same type, which is shown in Figure 4a . And we also get the statistics of every directed closed triadic type for each gender, all these figures are shown in Figure 4b , 4c, 4d. From the Figure 4 , we can find that each gender's distribution of directed closed triadic is different, for example, the largest number of types is not the same for each gender. But they also have some similarity at the macro level, for example, the numbers of types 1, 3, 4, 7, 10, 11 are far more than other types. This make sense: the macro similarity indicates that these triads are easier to form for every user, and the specific distribution differences are due to the user's dating preference.
2) TRIADIC EVOLUTION DISTRIBUTION
The evolution of triads is from one type to another. As shown in Figure 5 , the change from type-3 to type-2 requires two steps: first remove the directed edge from A to C, and then add the directed edge from C to A. And the evolution of all types triads with need steps is shown in 2, where '−' means that removing the edge and '+' means that adding the edge, and the numbers follow '−' ('+') indicates the count of removing (adding) edges.
As described in section III, in order to get the triadic evolution, we crawled the data twice at different time. In this section, we first get the number of every directed closed triadic type for each user by using the re-crawled data. Then, combining with the data from the previous subsection, we can get the evolution of every directed closed triadic type for each user. Like triads distribution, all results are shown in Figure 6 . From the figure, we observe that the greater the number of triads, in general, the greater the number of this type changed. And the less the number of steps required to evolve, the greater the number of this type changed, for example, the type-10 changes much more than other types. This may be due to the fact that the followers of the same person have a great deal of interest in the same things. So, type-3 and type-4 can easily become type-10. In addition, the main reason for the evolution of triads is the human factor -the user's dating preference.
3) PERSONAL CHARACTERISTICS
Personal characteristics include two aspects: age, the ratio of weight and height's square (BMI).
(1) age. Based on the previous research [10] , we split users into four groups according to ages:
• Young people(<23), most of the age are college students.
• Older-teenager(23-38), people of this age begin to fall in love and enter to marriage.
• Middle aged(38-50), this age group's family burden is relatively heavy.
• The older(>=50), people of this age gradually begin to enjoy life. However, experiments show that social roles and family burden have certain relevance to psychological gender. As can be seen from the figure 7, while gender-1's older-teenagers have a larger proportion, the proportion of the gender-0.5 young people is relatively heavy. The distribution of gender-0 lies between gender-1 and 0.5, which is different from the expected 0.5 more showing neutrality.
(2)Body Mass Index(BMI) is an important measure used to measure the degree of obesity and whether it is healthy. It is mainly used for statistical analysis. Obesity is not only related to weight, but also related to height. Therefore, In this figure, the horizontal axis is the age group, and the vertical axis is the proportion of the age's number of people in the total number of people.
BMI through the body weight and height of two numerical access to relatively objective parameters, and uses this parameter in the context of measuring body mass. We also divide BMI into four stages by Chinese Reference Standard for BMI. Four categories are slim(<18.5), normal (18.5-23.9 ), radical(24-27.9) and obese(>=29). The relationship of BMI and gender is shown in figure 8 . The figure shows that the number of gender-1 user with the BMI between 18.5 and 22 is the highest, and gender-0 and gender-1's peak are less than 1-role's, but have more extreme users(> 27), which is generally in line with the law. The peak value of gender-0 is more than gender-0.5, which indicates that most of the gender-0 users are weighed more than the majority of gender-0.5.
Then, the feature connected as a 32-dimension vector, 15-dimension for triads distribution, 15-dimension for triadic evolution distribution and 2-dimension for personal characteristics. However, this feature vector is sparse and its dimensions are too high, so we need to reduce it.
In order to reduce the dimension, we use the top three types and the last three types as the user's triads distribution features after sorting each user's triads by each type's number. Like the triads distribution feature, we also use the top three types and the last three types as the user's triads evolution features after sorting each user's triadic evolution by each type's number. In summary, the feature can be expressed a 14-dimension vector, 2-dimension for personal characteristics-age and BMI, 6-dimension for triads distribution and 6-dimension for triadic evolution distribution.
Then we train some supervised classifier such as SVM (Support Vector Machine) and KNN (k-nearest neighbor) with ten-fold cross validation.
V. EXPERIMENT
In order to better understand the impact of various categories of features on gender identity of user, we conduct three sets of experiments at the feature level, in which we systematically include/exclude the features mentioned above to measure their effect. In the first set of experiment, we train a classifier using specific subsets of the triads features to study how well those subsets of features perform in gender identity on the gay social network. In the second set of experiments, we study the impact of triadic evolution and personal characteristics individually. And last, we study the impact of using all features. 
A. EFFECT OF FEATURES
We first consider the three subsets of our features that have been proposed in literature: triads distribution, triadic evolution distribution and personal characteristics. We train a SVM classifier with RBF kernel function using the above mentioned three subsets of features respectively to measure the impact of those features on the classification performance for the gender. For example, in the first experiment, we only use the triads distribution; in the second, we only use the triads distribution and a new feature-personal characteristics or triadic evolution distribution. We use Precision, Recall, and F1-measure as evaluated metrics in our gender identity task.
The experimental results are shown in Table 3 . The results indicate that among those features, triads distribution can easily identify the gender-0. Triadic evolution distribution and personal characteristics features play an important role in identifying the gender-1 and 0.5. However, even though we get a better result about identify the gender-0 and gender-1, the precision and recall of gender-0.5 still relatively low. Why? Let's review the definition of gender-0.5-a man who identifies himself a blend of male and female. We treat this as gender-0.5. It should be noted that, in the gay social network, the blend of gender-1 and gender-0 only is gender-0.5. But in fact, there may be gender-0.3 or gender-0.7 and etc. Here we use gender-0.5 to denote the blend. From the definition, we can find that gender-0.5 represents a blend gender with different degree of blending, and so some of the gender-0.5's behavior will tend to gender-0 or gender-1. Then, the features such as triads distribution or personal characteristics features may be more similar to gender-0 or 1. This is consistent with the experimental results. We can observe from the Table 3 , when use all features to predict, the lower precision of gender-0.5 lead to the lower recall of gender-0 and 1, that means there are more gender-0 or 1 are predict as gender-0.5.
B. IMPACT OF PERSONAL CHARACTERISTICS AND TRIADIC EVOLUTION FEATURES
Before adding the features, that is using triads distribution, the classifying F1-measure of gender-1, gender-0 and gender-0.5 alone are 0.72, 0.799, 0.719. We introduce personal characteristics features and triadic evolution distribution singly into the features used for classification respectively to study their effectiveness. To illustrate the impact on classification F1-measure, we show the results of adding the personal characteristics features and triadic evolution distribution. As shown in Figure 9 , the classification F1-measure is improved to varying degrees which are 17%, 10.2%, and 16.6% with using the same SVM classifier and the same RBF kernel function, demonstrating the clear advantage of incorporating those two proposed features into the task of classification.
It should be noted that the two new features, namely BMI and age, which can be extracted from the gay social networks and used to identify the gender are proven through the above experiments, even they are not specified in some mainstream social network. Apart from this, even without these two features for training, our classification effect still has great advantages compare to Table 5 .
C. COMPARISON WITH OTHER SUPERVISED CLASSIFIER
In this section, we train some supervised classifier with all the features, but here are just a few of the more typical results including Support Vector Machine (SVM), Multiple Feedforward Deep Neural Networks (MFDNN), Random Forest (RF), k-Nearest Neighbor (KNN). For all algorithms except SVM, we employ Weka and adjust the parameters and settings with ten-fold cross validation. This is mainly because there are fewer parameters and it is easy to adjust in Weka. For SVM, we use RBF-kernel and manually adjust other parameters.
The experimental results are shown in Table 4 . From the table, we can confirm again that the classification error occurred mainly in gender-0.5. These four algorithms can clearly differentiate gender-1 and gender-0 from all users. The main reason for the poor results of SVM and MFDNN is the failure to effectively identify gender-0.5 users from all users. As we discussed in the previous subsection V-A, this is in line with our expectations. And the reason why RF and KNN perform better is mainly that by more suitable training (KNN) or integrating learners (RF), they can increase fault tolerance and reduce such similar misjudgments. 
D. COMPARISON WITH EXISTING WORK
As described in section II-B, Dong et al. [10] analyze demographics (gender, age, status, etc.) and consider the correlation among different demographic attributes in mobile network. Their results about gender (physical gender) are shown in Table 5 . As mentioned in Table 4 , the highest F1 values of our experiment for gender-1, gender-0.5 and gender-0 are 0.960, 0.939 and 0.942. Comparing this with the two experimental results in Tang's (the bold in Table 5 ), we can find that we have obvious advantages.
VI. SUGGESTION FROM OUR RESEARCH
As we mentioned in Section I, we found users' privacy such as psychological gender maybe leaked through gay social networks and even general social networks. This is because the behavior patterns of users in social networks that may lead to privacy leaks are the same, we choose the gay social network only because it can provide ground truth, and this method is suitable for general social networks. So it's another question how to ensure that users' privacy is not compromised when their psychological gender can be figured out in social network. We put forward some suggestions based on the current research results on privacy protection.
The actual risk of privacy leakage is that the user cannot fully control the spread of his own information. So some seemingly harmless data in social network can also lead to privacy leakage.
In view of this, there have been some research results. In [22] , researchers propose FaceCloak, an architecture that protects user privacy on a social networking site by shielding a user's personal information from the site and from other users that were not explicitly authorized by the user. There are similar studies such as [23] , they also use anonymous mechanism to prevent user data from leaking through those unauthorized entities.
On the basis of summarizing these studies, we put forward the following suggestions, specifically: 1) For users, due to some seemingly harmless data in social network can also lead to privacy leakage, if you are reluctant to leak your privacy, first of all, you should try not to write directly about your privacy on social networks, such as your name, age or address and etc. Secondly, when you post something, you'd better not to write about any privacy. And finally, anywhere you can choose whether or not to limit access to the public, such as the visibility of followees or the postings, you might do well to choose carefully. 2) For social networks, all information that might be associated with a user's identity is best encrypted when a third party accesses it through the interface. On this basis, access control can enable users to grant their friends access to their own data, and hide these data from providers and other unauthorized entities, so social networks should provide as many rights as possible to the user, so that the user can choose what information to display to the public.
VII. CONCLUSION
We propose a novel model using limited information for identifying user's psychological gender by whose personal information and ego network analysis in social network. We extract three kinds of features for training, personal information, triads distribution and triadic evolution distribution. Ten-fold cross-validation of some classification algorithms showed that they can get effective classification results. We propose two new features, namely the personal characteristic especially BMI and age, which can be extracted from the gay social networks and used to identify the gender. We show the effectiveness of those two features through extensive experiments. Then, we know one's psychological gender can be the same or different from their sex assigned at birth. Understand the user's psychological gender to further research on gender identity has great help. This is our original intention to do this problem. And in the end, we give some practical suggestions to protect their privacy since psychological gender can be leaked by unintentional behaviors. Of course, this experiment is only in the gay network, that is, only the male personal tendency prediction. Of course, we choose the gay social network only because it can provide ground truth, and this method is suitable for general social networks. However, this is a great inspiration for us-it can be predicted through the social network to predict the user's psychological gender and exam gender identity. 
